Regulation of metabolism at the level of transcription and its corollary metabolite-mediated regulation of transcription are well-documented mechanisms by which plants adapt to circumstance. That said the function of only a minority of transcription factor networks are fully understood and it seems likely that we have only identified a subset of the metabolites that play a mediator function in the regulation of transcription. Here we describe an integrated genomics approach in which we perform combined transcript and metabolite profiling on Arabidopsis (Arabidopsis thaliana) plants challenged by various environmental extremes. We chose this approach to generate a large variance in the levels of all parameters recorded. The data was then statistically evaluated to identify metabolites whose level robustly correlated with those of a particularly large number of transcripts. Since correlation alone provides no proof of causality we subsequently attempted to validate these putative mediators of gene expression via a combination of statistical analysis of data available in publicly available databases and iterative experimental evaluation. Data presented here suggest that, on adoption of appropriate caution, the approach can be used for the identification of metabolite mediators of gene expression. As an exemplary case study we document that in plants, as in yeast (Saccharomyces cerevisiae) and mammals, leucine plays an important role as a regulator of gene expression and provide a leucine response gene regulatory network.
Biological systems have to react to environmental and/or developmental changes by adjusting their biochemical and cellular machineries on numerous levels. In many cases small molecules play a crucial role in mediating such adjustments. A prominent example of this is the much discussed role of sugar sensing in plants (Jang and Sheen, 1994; Koch, 1996; Smeekens, 2000; Rolland et al., 2006) . Important functions have been long ascribed to Suc (see, for example, Johnson and Ryan, 1990; Cheng et al., 1992; Chiou and Bush, 1998) and Glc (see, for example, Brouquisse et al., 1991; Loreti et al., 2000) and these have been more recently supported by a range of genetic, transcriptional, and biochemical evidence (Dijkwel et al., 1997; Zhou et al., 1998; Yanagisawa et al., 2003; Price et al., 2004; Solfanelli et al., 2006) . Particularly well described in plants are the roles of hexokinase (Jang et al., 1997; Dai et al., 1999; Moore et al., 2003) and of the SNF1 complex (Zhang et al., 2001; Halford and Paul, 2003; Tiessen et al., 2003) . That said recent evidence has pointed to a role for the PII protein as a transcriptional regulator that senses the energy status of the cell (Mizuno et al., 2007; Beez et al., 2009; Bourrellier et al., 2009) . Recently evidence has also been accrued implicating trehalose and trehalose 6-P as signal molecules (Muller et al., 1999; Lunn et al., 2006) and of energy signaling mediated either by extracellular ATP levels or by the AKIN protein kinases (BaenaGonzález et al., 2007; Roux and Steinebrunner, 2007) . Hormones aside, the above arguably lists the bestcharacterized metabolic mediators of gene expression. Given that new hormone classes are still being discovered (see, for example, the recent identification of strigolactones; Gomez-Roldan et al., 2008; Umehara et al., 2008) and that simple perusal of the vast literature on transgenic perturbation of metabolism reveals that compensatory mechanisms are commonplace, it would seem reasonable to suggest that we have, to date, only identified a small subset of the regulatory loops linking metabolism and gene expression.
Most studies aimed at identifying metabolic mediators of gene expression have, to date, relied on the external application of putative mediators of expression. However, such approaches are, by nature, limited by the potential of the compounds to be taken up into the cell and can additionally be complicated by interaction of molecules with apoplastic receptors (Fernie 1 These authors contributed equally to the article. Lalonde et al., 2001; Roux and Steinebrunner, 2007) . Here we present a set of data resulting from a large experiment where the response of a plant system (leaves of Arabidopsis [Arabidopsis thaliana]) to wideranging environmental variance has been followed by both RNA expression and metabolite-profiling techniques in parallel. While many studies integrate data from transcript and metabolite-profiling experiments (see, for example, Goossens et al., 2003; UrbanczykWochniak et al., 2003; Hirai et al., 2004; Nikiforova et al., 2005; Fu et al., 2009 ) these tend to focus either on gene annotation (Tohge et al., 2005) or on a specific biotic or abiotic stress (Cho et al., 2008; Depuydt et al., 2009) or developmental process (Carrari et al., 2006; Howell et al., 2009 ). Here our focus was rather to look for parameters that were strongly correlated across a wide range of conditions in the hope that such a strategy would allow us to identify novel metabolitemediated gene regulation. When analyzing the dataset obtained for correlations between changes in metabolites and those in transcript abundance we observed a surprisingly large number of highly statistically significant correlations. In many cases several hundred up to several thousand transcripts correlate with a single metabolite. These high numbers of transcripts correlating with one metabolite are unlikely to be caused by the fact that several hundred genes influence the formation (and/or depletion) of this metabolite but rather suggest the opposite situation, i.e. that this metabolite is a potential mediator directly and/or indirectly influencing the expression of several hundred genes. We discuss examples that we believe support both this concept and the notion that we probably have only uncovered a very small number of those small molecules exhibiting a mediator function in plants and other biological systems.
RESULTS AND DISCUSSION
Whereas a decade ago essentially only classical hormones were regarded as small molecule metabolite signals, data of recent years suggests that signaling function is not limited to these compounds. Metabolites have been demonstrated to interact with protein factors (see, for example, Sellick and Reece, 2005) and riboswitches (for review, see Mandal and Breaker, 2004) to regulate gene expression. Thus metabolites can mediate gene expression both in conjuncture with and independently of proteins. Manipulation of signal transduction cascades has proven effective in optimizing cellular productivity of biotechnologically important compounds (Attfield, 1997) and to be a highly efficient strategy for the suppression of a range of deleterious medical conditions (O'Shea et al., 2004; O'Neill, 2006) . Therefore, their elucidation, and that of other forms of metabolite-mediated gene regulation, is of immense importance for human circumstance. Starting from the hypothesis that there are more small molecule mediators of gene expression than currently described we present here a strategy for their detection. This strategy was established to circumvent limitations imposed by the classical approach for the detection of such mediator molecules and is based on three simple criteria: (1) the ability to modulate the cellular content of the putative regulator, (2) the ability to detect and quantify putative regulators, and (3) the ability to monitor the cellular response to putative regulators. For this purpose we designed an experiment in which Arabidopsis plants were subjected to a diverse range of environmental perturbations (for a full list see "Materials and Methods" and Table I ) and applied transcriptomics and metabolomic analysis to monitor the changes induced. We believe that a metabolomics-based approach has distinct advantages since it circumvents complications arising from external application of metabolites (uptake, compartmentation, interaction with apoplastic receptors, etc.). Following collection of this data we performed a coresponse analysis between metabolites and transcripts following the hypothesis that signal metabolites would be identified based on the criteria that they show a robust correlation to transcript changes. To allow robust correlation analysis, from the total of more than 22,000 transcripts and 800 metabolites, we first removed data with insufficient data points (detected in less than two-thirds of the conditions). This resulted in a dataset containing approximately 560 metabolites and more than 12,500 transcripts ( Fig. 1 ; Supplemental Table S1) . At the global level we observed many highly significant metabolite-transcript correlations, with around 30% of the approximately 7 million possible being significant (P , 0.05). However, to work with only the most significant/robust examples, we used Spearman nonparametric correlation and applied a Bonferoni P value correction (see "Materials and Methods"). This resulted in a total of around 175,000 significant correlations (adjusted P , 0.05). In total, 50% of metabolites were correlated with more than 50 transcripts.
To validate our approach we first tested whether or not known signaling compounds would be identified as compounds that regulate gene expression based on the above-mentioned criteria. The plant hormones salicylic acid (SA) and abscisic acid (ABA), both reliably detected in our dataset, being obvious candidates. SA positively correlates with 69 transcripts in our dataset (Supplemental Table S1 ). Of these 16 were revealed to also be responsive to external SA treatment in publically available datasets (see "Materials and Methods" for details; compare with Supplemental Table S1 ), since these are all induced they are in perfect agreement with respect to direction of change. Accumulation of SA precedes the onset of system acquired resistance (SAR) in response of pathogen attack by inducing the nuclear translocation of the transcriptional cofactor NPR1 to activate many genes required for disease resistance like the pathogenesis-related proteins PR (Kinkema et al., 2000) . Among the overlapping genes we identify two PR proteins (i.e. PR-1 and PNP-A; Kinkema et al., 2000; Meier et al., 2008) as well as an oxireductase (At3g284809) already reported to be involved in SAR. In addition to SAR response, other transcripts known to be involved in the hypersensitive response like CTR3 and LPT are also identified in both datasets as target of SA.
Similar results are obtained with ABA, however, the number of correlating transcripts was much lower. That said, importantly, both of these overlaps are significant (P = 10 214 and 0.02, respectively [Fisher exact test]). Among those genes, the transcription factor ATHB-7 previously described to be regulated strictly via ABA (Sö derman et al., 1996) is identified in both datasets. However, in contrast to the hundreds of transcripts that respond to the external addition of these hormones, our approach identifies many fewer. The reasons for this are likely complex however major reasons are probably the fact that external application of hormones may induce genes in tissue types unrelated to the in vivo situation, while equally there are likely considerable tissue-and developmental-specific differences between the seedlings often used in comparison to the leaf tissue investigated here.
Second, we asked whether or not transcriptional responses we predict using correlation analysis are in agreement with independent genome-wide expressionprofiling data for the perturbation of nonhormonal small molecule mediators of gene expression. We identified three suitable studies: Suc or Glc addition to seedlings, and the application of the carotenoid biosynthesis inhibitor norflurazon. As Suc and Glc are signals that regulate gene expression in plants (Gibson, 2005) and are routinely detected via gas chromatographymass spectrometry (MS), they are ideal to test our approach. In our data matrix 785 transcripts correlate positively and 524 negatively to endogenous Suc. We compared these to transcripts reported to be induced or repressed 6 h after Suc addition (Solfanelli et al., 2006) . By chance alone, we would expect only 51 Suc-induced transcripts among genes positively correlated with Suc and just 28 Suc-repressed transcripts would be among the negatively correlated genes. However, we identified 149 and 158 overlapping transcripts, respectively, in these comparisons. Moreover, the reciprocal comparisons (i.e. positive/repressed and negative/induced) are ). Glc showed lower connectivity in our dataset, with 196 significantly correlated transcripts. We compared these data to the 741 genes reported to be up-or down-regulated following a 3 h Glc treatment (Price et al., 2004) . As shown in Figure 2 (bottom section), the induced/positive and repressed/negative pairings showed highly significant overlap (P = 10 29 -10 223 ). Furthermore, all overlapping genes were in quantitative agreement with no overlap between the reciprocal pairings. Note that due to the lower number of genes correlating with Glc respectively responding by up-or down-regulation to Glc (196 genes correlate; 741 respond positive or negative) as compared to the Suc case (1,309 versus 1,480) a lower number of overlaps is already significant. The Fisher exact test gives the probability of a certain configuration in a contingency test inherently correcting already for the sample size.
Carotenoid derivatives are widely implicated in plant signaling with ABA, a classical plant hormone, the best known (Kende and Zeevaart, 1997) . There is also considerable evidence that carotenoid derivatives such as strigolactones act as signals in the regulation of shoot branching and in the control of root and shoot architecture (Booker et al., 2004; Van Norman et al., 2004; Klee, 2008; Leyser, 2009) . Norflurazon inhibits phytoene desaturase and is widely used as an inhibitor of carotenoid biosynthesis (see, for example, Bartels and Watson, 1978; Van Norman et al., 2004) . Twelve carotenoids are present in our dataset and several of these are significantly correlated with each other (data not shown). We reasoned that one of these carotenoids, or a correlated but undetected derivative, may represent a mediator of gene expression. Among the carotenoids we measured, cryptoxanthin, zeaxanthin, and lutein are significantly correlated to large numbers of transcripts. As norflurazon treatment will lead to a reduction in carotenoids we predicted that transcripts down-regulated by norflurazon should positively correlate with a carotenoid-derived signal, while induced genes should negatively correlate. For all three carotenoids, there was highly significant (Fig. 3, P = 10 
230
- 10 246 ) overlap between positively correlated genes and those repressed by norflurazon. In addition, for zeaxanthin and lutein the induced/negative comparison was also significant (P = 0.001 and 0.04). As with the sugars, the reciprocal overlaps (i.e. repressed/negative and induced/positive) were underrepresented.
As a third validation we investigated whether these correlations could be used to predict transcript changes when we altered the endogenous levels of candidate metabolites. For this approach we performed transcript profiling to identify genes strongly up-or down-regulated in a transgenic Arabidopsis line exhibiting a reproducible change in Leu but few other metabolic consequences (further details for this line compare with "Materials and Methods"). We compared these transcripts to those significantly correlated with Leu and found highly significant overlap (Fig. 4) . Worthy of mention is the very low number of transcripts that differ in their qualitative pattern.
Overrepresentation analysis of those transcripts revealed significant enrichment of the following functional categories: amino acid degradation, trehalose metabolism TPS/TPP, RNA regulation of WRKY transcription factors, calcium signaling, and development categories. Overrepresentation analysis of the downregulated genes in the Leu dataset indicated a significant enrichment of genes involved in GDSL motif lipase (Table II) .
To get further insights into the potential signaling function of Leu, we visualized the 117 up-regulated transcripts in the meta network of coexpressed gene cluster from AraGenNet (http://aranet.mpimp-golm. mpg.de/aranet; Mutwil et al., 2009 ). We could classify those transcripts into 33 clusters (Supplemental Table  S2 ). For 10 clusters we found an overrepresentation of Leu-regulated transcripts ( Fig. 5 ; Supplemental Table  S3 ). Interestingly those 10 clusters are grouped into three subclusters. The first group is formed by interconnected clusters 52, 63, 95, 128, 135, and 153 that are enriched for categories like signaling transduction, biotic stress response, secondary metabolism, lipid metabolism, and development (Supplemental Table  S4 ). The second group connected the clusters 100, 140, and 179 involved in the processes of amino acids, lipids, and nucleotide degradation. The third group is represented by the single cluster 85 related to protein degradation processes. Interestingly, it is possible to identify genes involved in defense mechanism associated to senescence response in all three subclusters, like the senescence regulator transcription factor ANAC092 (cluster 153; Kim et al., 2009 ) and the senescence-associated SEN1 (cluster 85; Hanaoka et al., 2002) .
The potential signaling function of Leu has not been described in plants but is well established in other biological systems such as Escherichia coli (Hung et al., 2002) or yeast (Saccharomyces cerevisiae), and mammals where it is thought to activate the target of rapamycin pathway that stimulates protein synthesis (Dann and Thomas, 2006) . To provide additional support for this finding we additionally checked the transcript response of feeding Leu to cell suspension cultures derived from Arabidopsis leaf tissue. For this purpose we incubated the cell suspension culture in buffered solution in which Leu (50 mM) was added exogenously for an interval of 90 min, after which the sample was centrifuged and snap frozen, subsequently determining the transcript levels of the 44 most highly responsive genes by quantitative reverse transcription-PCR. Results presented in Figure 6 show a considerable overlap with those found both in our experiments studying environmental variance and those performed on the Leu overproducer. Indeed some 23 of the 44 chosen transcripts (those demarcated with a blue arrow) showed a significant up-regulation on the addition of Leu and only one revealed an unexpected down-regulation in comparison to the results from the experiment described in Figure 1 .
CONCLUSION
In this article we have revealed that by exploiting broad environmental perturbation of the Arabidopsis leaf system we were able to generate considerable variance in multiple parameters, thus allowing us to uncover novel but robust associations between these parameters. Our specific focus was the identification of novel metabolite mediators of gene regulation. After performing an extensive analysis of metabolite to transcript correlations we were able to identify a number of canonical mediators including the phytohormones ABA and SA and the sugars Glc and Suc. In addition we were able to identify that carotenoids correlated with the expression of an extensive number of genes and that the expression of many of these genes could also be altered by the inhibition of phytoene desaturase following application of norflurazon. The exact mechanism linking norflurazon treat- ment with alterations in gene expression is unknown. While this was formerly thought to be largely caused by retrograde signaling between the plastid and nucleus (Mochizuki et al., 2001) , the identification of carotenoid-derived strigolactones as a new class of phytohormones (Gomez-Roldan et al., 2008; Umehara et al., 2008) suggests another possible mode of action. Irrespective of the means by which modulation of gene expression is achieved, the close correlation between the levels of these metabolites and many genes and the fact that similar qualitative and quantitative changes in gene expression occur on chemical alteration of these metabolites, suggests that they play an important role in systems regulation. In addition to being able to identify such canonical and recently reported regulators our study also defined Leu as an important mediator molecule. There are several lines of evidence for this assertion. First, in our environmental perturbation experiment it was strongly correlated to the expression of several hundred genes, interestingly, its pattern of correlation was distinct from that of the majority of other metabolites. Second, transgenic Arabidopsis plants overproducing Leu exhibited a considerable number of genes that were over-and underexpressed that overlapped with genes that we identified as highly correlating with Leu in our environmental perturbation experiment. Third, a large proportion of tested genes that were positively correlated with Leu also increased in expression following exogenous application of the metabolite. While the responses in the various experiments did not exactly mirror one another there are several reasons that could explain this, including the influence of plasma membrane-bound receptors, subcellular distribution of metabolites, and/or uptake effects of the endogenously supplied substrates. These caveats notwithstanding we believe that the broad profiling approach that we undertook here, when taken together with iterative statistical and experimental approaches, represents a powerful means to identify novel metabolite mediators of gene expression. We propose Leu to represent a metabolite with such a function. Although the route by which Leu mediates gene expression in yeast and mammals is well defined future research is required to define the exact mechanisms responsible for this process in plants.
MATERIALS AND METHODS

Plant Material
Arabidopsis (Arabidopsis thaliana) accession C24 as well as ecotypes Columbia, Kas-1, Landsberg erecta, and Mt-0 were grown under a 16-h-day/8-hdark growth regime. Standard greenhouse conditions were 20°C (day)/18°C (night), 400 mmol s 21 m 22 , and 70% humidity. Applied treatments and variations to these standard conditions are provided in Table I .
Metabolite Dataset
Metabolite profiling by gas chromatography-MS and liquid chromatography-MS was performed as previously described Lisec et al., 2006) . Pooled samples of C24 grown under standard phytotron conditions were run in all metabolite-profiling batches as a common reference. Results were expressed as mean log 2 ratios between triplicate biological samples and this common reference. Only metabolites that were detected in at least twothirds of conditions were retained for analysis, resulting in a dataset containing 562 analytes.
Transcript Dataset
Transcript profiling was performed using the Arabidopsis Affymetrix ATH1 array as previously described (Redman et al., 2004) . The triplicate biological samples for each condition were pooled and hybridized to a single ATH1 array. Ten biological replicates of C24 grown under standard phytotron conditions were hybridized to 10 ATH1 arrays. All arrays were normalized together using RMA algorithm (Irizarry et al., 2003) implemented in the affy package for bioconductor (Gentleman et al., 2004) . Expression data were log 2 ratios versus the median of the 10 reference Figure 6 . Expression of transcripts after Leu feeding. Arabidopsis suspension cell cultures derived from leaves (Pauly et al., 2001) To determine if a given transcript was detected in each sample we used the P value from the MAS5 detection algorithm as implemented in the affy package.
Only probesets that received a P value ,0.05 in at least two-thirds of the conditions were kept, giving a final expression set of 12,513 probesets (Supplemental Table S1 ).
Statistical Analysis
Correlation analysis was performed by calculating the Spearman rank correlation coefficient and statistical significance using a C script as described (Steinhauser et al., 2004) . P values for each metabolite were corrected across all transcript correlations for that metabolite using a Bonferroni adjustment. Overrepresentation analysis was performed using Fisher exact tests. Specifically, this tested the significance of the contingency table (Figs. 2-4) for the overlap between the number of correlated transcripts and the number of regulated transcripts in the independent dataset, considering the total number of 12,513 transcripts. P value adjustment and Fisher tests were performed using R (www.r-project.org).
Validation Datasets
For all validation datasets we only retained those regulated genes that were in our dataset, i.e. those present among the 12,513 bijective mapping genes present in at least two-thirds of all conditions.
Suc
The data of Solfanelli et al. (2006) were used. Briefly, 3-d-old Arabidopsis seedlings were treated for 6 h in the presence or absence of 90 mM Suc, with two biological replicates. As described the data were analyzed and filtered using the standard MAS5 software criteria; appropriate P/A call, increase or decrease call, and showing at least a 2-fold change in both replica.
Glc
The data of Price et al. (2004) were used. In brief, 6-d-old Arabidopsis seedlings were treated for 3 h in the presence or absence of 167 mM Glc, with four biological replicates. Analysis details are provided in the article, but essentially MAS5 normalized data were analyzed and genes showing a significant change of at least 3-fold were classified as regulated.
Norflurazon, ABA, SA
Raw data in the form of .CEL files were obtained for these treatments from http://affymetrix.arabidopsis.info/narrays/experimentbrowse.pl experiment IDs 51, 176, and 192, respectively. The norflurazon treatment was performed by growing seedlings for 6 d in the presence or absence of 5 mM norflurazon. The hormone treatments consisted of applying a mock treatment or the hormone (10 mM) to 7-d-old seedlings. All experiments had two biological replicates. Data were normalized using the RMA algorithm as described above. Genes that showed .2-fold change in both replicates were classified as regulated.
Leu
Construction of the Leu overexpressor line: The Escherichia coli gene b 1708 encoding a lipoprotein was fused to a chimeric promoter containing a trimer of the ocs upstream activating sequence fused to the mannopine synthase promoter (Ni et al., 1995) and used for transforming Arabidopsis C24 via vacuum infiltration using Agrobacterium tumefaciens. Transgenic lines were selected on the seed level. One line showing one insert was used for further metabolic characterization. Metabolic profiling of this line revealed few consistent changes. Specifically, this line displayed around a 2-fold increase in Leu, Ile, and Glc and a 5-fold increase in Fru. In our data matrix the metabolite pairs Leu-Ile and Glc-Fru are highly correlated (Spearman rho = 0.92 and 0.95, respectively), therefore we just considered the metabolites with more transcript correlations for validation, i.e. Leu and Glc. We then performed transcript profiling as previously described on the transgenic line and three wild-type controls. Data were RMA normalized and genes that showed .2-fold change in all three comparisons were classified as regulated.
Transcripts that overlapped with those significantly correlated with Leu were classified into functional categories using PageMan with Benjamin Hochberg correction and coexpression network was visualized using AraGenNet (http://aranet.mpimp-golm.mpg.de/aranet; Mutwil et al., 2009) . The frequency of the Leu putative target genes in assigned clusters were statistically compared against the frequencies of all genes found in the AraGenNet meta network using Fisher test with multiple testing corrections.
In a further approach we supplied Leu to cell suspension cultures derived from Arabidopsis leaves (Pauly et al., 2001 ) via exogenous feeding of 50 mM Leu in buffered Murashige and Skoog medium applied for 90 min and assessed the effect on the levels of various transcripts. Total RNA extraction, cDNA synthesis, and quantitative reverse transcription-PCR were performed as described (Czechowski et al., 2004 (Czechowski et al., , 2005 Caldana et al., 2007) . PCR reactions were conducted in an ABI PRISM 7900 HT sequence detection system (Applied Biosystems). Primer sequences are provided in Supplemental Table S5 .
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